dividuals responsible for them, archaeologists have conducted relatively little work to address the effects of time-averaging (for important exceptions, please see Bailey 2007; Bentley, Hahn, and Shennan 2004; Holdaway and Wandsnider 2008; and Stern 1993, 1994) .
Researchers in related fields, such as paleontology and paleoecology, have investigated the effects of time-averaging on assemblage-level properties. For example, Staff et al. (1986) show that the time-transgressive "death assemblages" of benthic communities in two bays in Texas look different than any of the instantaneous samples collected from the living communities. For example, the rank order of taxa abundance in death assemblages rarely corresponds with the rank order observed at any time in the living communities. Staff et al. also find that the total number of species (i.e., species richness) present in death assemblages is greater than observed at any time in the living communities (see also Staff and Powell 1988) . While it is clear that many of the processes involved in the formation of culture material assemblages differ from those involved in the formation of Staff et al.'s "death assemblages," it seems reasonable to propose that timeaveraging might affect diversity similarly in both cases.
One of the processes unique to the formation of culture material assemblages is social learning. Social learning, an especially important aspect of the human condition that is likely to have been important in our lineage for tens-if not hundreds-of thousands of years, can take many different forms. Over the past 3 decades, researchers such as Robert Boyd, Peter Richerson, and their students have identified and studied many of the ways in which cultural traits can be transmitted among individuals. Boyd and Richerson (1985) note that cultural transmission may be unbiased (i.e., random copying) or biased, and they describe different kinds of biased transmission, including conformism, anticonformism, prestige bias, and results bias. Additionally, one can imagine a wide variety of "weaker" forms of biased transmission, such as common-trait trimming and rare-trait trimming (see Mesoudi and Lycett 2009) .
Anthropologists are interested in identifying which modes of social learning were used in past societies because it is thought that the type of cultural transmission practiced may provide some insight into the psychology of the practitioners. But there are also other reasons for investigating the ways in which cultural traits were transmitted among individuals in the past. For example, Boyd and colleagues have argued that large-scale cooperation is more likely to evolve in structured populations in the presence of conformist-biased transmission (Boyd and Richerson 1985; Boyd, Richerson, and Henrich 2011; Henrich and Boyd 1998; Richerson and Boyd 2005) . If they are right, then the extent to which we can hope to answer important questions concerning when, why, and how altruism evolved within our own lineage depends in part on the ability to identify signs of conformist-biased transmission in the Paleolithic record.
But here is the rub: currently researchers employ methods adopted from theoretical population genetics-a field in which time-transgressive data are rarely encountered-to study modes of cultural transmission in archaeological assemblages. Population geneticists most commonly use the term "population" to refer to a set of individuals (humans, mice, flies, etc.) or a set of genes at a single point in time. In this context, a random sample drawn from a population of N individuals includes n (where ) individuals from generation t but none from n ≤ N generation t Ϫ 1 or t ϩ 1. By contrast, an archaeologist may use the term "population" to refer to the set of individuals responsible for the material record of a period or phase within a given geographic region. This meaning conflates time such that individuals who lived at different times, and therefore never interacted directly, may be considered members of the same population.
In this report, I use "population" as a population geneticist would-to refer to a set of individuals who are alive at the same time. By contrast, I refer to the set of culture material that accumulates through time as an "assemblage." Given these definitions, sampling a time-averaged assemblage yields n cultural items/artifacts deposited by individuals who may have been separated by many generations and thus belonged to different populations. The central goal of this report is to systematically address to what extent methods that were originally developed to assess neutrality in genes sampled from an idealized population are appropriate for investigating modes of cultural transmission in cultural variants sampled from a timetransgressive assemblage.
Methods for Assessing Modes of Cultural Transmission
This section briefly reviews four methods that have previously been used to assess cultural transmission in time-transgressive assemblages. Please consult the primary sources for additional details on each method.
The Assemblage Diversity Approach
Fraser Neiman (1990 Neiman ( , 1995 was among the first to use concepts and formal methods developed along with the neutral theory of molecular evolution (Kimura 1968 (Kimura , 1983 to study cultural transmission in archaeological data. Neiman's elegant approach involves comparing the observed level of diversity to the level of neutral diversity one would expect to see at equilibrium in a population characterized by an effective size of N e , a copying error rate of μ, and unbiased cultural transmission. Assuming that the Wright-Fisher model of reproduction (Fisher 1930; Wright 1931) serves as a useful model of cultural transmission, the level of neutral cultural diversity, θ, one would expect to see in a finite population of unbiased social learners at drift-copying error equilibrium is given by (under neutral conditions, like those modeled be-θ p 2N μ e low, a population's effective size is equivalent to its census size:
[see Crow and Kimura 1970] 
where p i is the relative frequency of the ith variant in the sample. The second measure is designated with a subscripted E because it is the maximum likelihood estimate of the parameter θ in Ewens's (1972) sampling formula:
ip0 θ ϩ i
One would not reject the null hypothesis, which holds that the observed diversity is explained by unbiased cultural transmission, in cases where t F and t E do not differ significantly from θ. However, one may consider an alternative hypothesis that invokes one or more forms of biased cultural transmission if t F and t E depart significantly from θ. Reduced diversity ( ) can result from conformist-biased transmission,
prestige bias, or results bias, just to name a few possibilities. On the other hand, greater than expected diversity (t , t 1
F E
) can result from frequency-dependent-biased forms of cul-θ tural transmission that privilege rare variants, such as anticonformism. Slatkin (1994 Slatkin ( , 1996 provides an exact test for neutrality that also makes use of the Ewens sampling distribution (Ewens 1972 (Ewens , 1979 (Ewens 1972 (Ewens , 1979 to compute the probability that each possible unordered configuration for a sample of size n containing k unique variants could be drawn from an idealized population under neutral conditions (see Slatkin 1996 , eq. 1). The tail probability provided by the exact test (P E ) represents the sum of the probabilities associated with the unordered configurations that are either equally or less likely than the observed configuration to be drawn from an idealized population at equilibrium under neutral conditions (Slatkin 1994, eq. 2) . The Ewens-Watterson homozygosity test (Watterson 1977 (Watterson , 1978 ) employs a similar logic, but it is based on the empirical homogeneity statistic, F. In addition to calculating the probability of obtaining each possible configuration under neutral conditions given n and k (again, with respect to the expectations provided by the Ewens sampling distribution), F is calculated for each possible configuration as well. The tail probability of the homozygosity test (P H ) represents the sum of the probabilities of configurations associated with levels of homogeneity that are either equal to or less than the homogeneity of the observed configuration (Slatkin 1994, eq. 4) . Slatkin (1996) warns that while the tail probabilities provided by the Exact Test and homozygosity tests are nearly identical for small n, they can be quite different for larger n. In fact, with large n, P E and P H values can be different enough to affect conclusions, as illustrated by a recent application to archaeological data (see Steele, Glatz, and Kandler 2010, table 2). Slatkin's Exact Test and the Ewens-Watterson homozygosity test are two-tailed. Given α p .05, a tail probability less than α/2 p .025 indicates that the observed frequency distribution of cultural variants exhibits significantly more evenness (i.e., greater diversity, less homogeneity) than expected under neutral conditions. Forms of biased transmission that give preference to rare variants can increase evenness. By contrast, a tail probability greater than indicates that 1 Ϫ (α/2) p .975 the observed frequency distribution is significantly more homogeneous (i.e., it shows less diversity and less evenness) than expected under neutral conditions. In a significantly "overly" skewed frequency distribution, common traits are even more common and rare traits even rarer than expected. Any of a number of biased forms of cultural transmission, including conformist bias and prestige bias, could potentially increase homogeneity.
Slatkin's Exact Test and the Ewens-Watterson Homozygosity Test

The Variants Frequency Approach
Bentley and colleagues (Bentley and Shennan 2003; Bentley, Hahn, and Shennan 2004; Hahn and Bentley 2003) previously investigated the disconnect between the instantaneous equilibrium distribution predicted by the neutral model of molecular evolution (Ewens 1972; Kimura and Crow 1964) and the time-transgressive nature of the cultural data with which archaeologists and other anthropologists routinely work. They employ computer simulations to show that in the presence of unbiased cultural transmission (what they call "random copying") and a relatively low copying error rate (μ), the vast majority of unique cultural variants in an assemblage occur rarely-represented by less than a handful of copies-while the few common cultural variants are represented by hundreds, thousands, or even millions of copies (Bentley, Hahn, and Shennan 2004) . This distribution of variant frequencies can be expressed as
where y represents the proportion of cultural variants observed x number of times in the assemblage and C and α are constants. The power-law-like distribution appears as a nearly straight line with negative slope α on a log-log plot of the proportion of cultural variants (y) versus the number of copies (x) of those variants (see Bentley, Hahn, and Shennan 2004, fig. 2 ). Clauset, Shalizi, and Newman (2009) recently published a methodology for characterizing power-law distributions in empirical data that provides a better estimate of α than the method employed by Bentley, Hahn, and Shennan. Although Clauset, Shalizi, and Newman's methodology appears superior, especially for application to real-world data, here I apply the approach outlined by Bentley and others for two reasons: (1) the precision of the estimated value of α is of less importance here than documenting how time-averaging generally affects α, and (2) the current report is concerned only with simulated data, where the results of the two methodologies are expected to differ less than when applied to real-world data. Extending Bentley, Hahn, and Shennan's work, Mesoudi and Lycett (2009) report that the variants frequency approach is also useful for identifying so-called independent decision making, a form of transmission whereby naive individuals randomly choose a variant expressed by the previous generation irrespective of its frequency, as well as conformist-biased and anticonformist-biased cultural transmission in time-transgressive data. They demonstrate that independent decision making, conformism, and anticonformism clearly disrupt the powerlaw-like distribution associated with unbiased cultural transmission. However, Mesoudi and Lycett show that the variants frequency approach has considerably less power in distinguishing unbiased cultural transmission from so-called weaker forms of frequency-dependent-biased transmission. Weaker forms of biased transmission, such as those in which variants that are either too commonly (common-trait trimming) or too rarely (rare-trait trimming) displayed by members of the previous generation are systematically ignored by naive individuals, could not be distinguished from unbiased transmission using the approach outlined by Bentley, Hahn, and Shennan. Mesoudi and Lycett's results show that, although the variants frequency approach may be suitable for identifying departures caused by rather extreme forms of frequency-dependent-biased transmission or by independent decision making, the type II error associated with the failure to recognize the presence of more subtle forms of frequency-dependent bias must be dealt with if the method is to be generally applicable. It remains to be seen whether Clauset, Shalizi, and Newman's (2009) improved methodology for classifying power-law distributions in empirical data provides the additional power needed to distinguish weaker forms of biased transmission from the expectations of unbiased transmission.
Summary
Each of the approaches reviewed above has previously been applied to archaeological data (Bentley, Hahn, and Shennan 2004; Bentley and Shennan 2003; Kohler, VanBuskirk, and Ruscavage-Barz 2004; Neiman 1995; Shennan and Wilkinson 2001; Steele, Glatz, and Kandler 2010) . The assemblage diversity approach, Slatkin's Exact Test and the Ewens-Wat-terson homozygosity test have yielded mixed results, raising concerns as to their suitability for samples obtained from time-transgressive data sets. However, many of the previous applications of the variants frequency approach to empirical data have stressed that the archaeological material involved was obtained from sites that were almost completely excavated (Bentley, Hahn, and Shennan 2004; Bentley and Shennan 2003; Shennan and Bentley 2008) , suggesting that the approach requires samples that are at least approximately as large as the assemblages from which they are drawn. Below, I apply all four methods to time-averaged assemblages created by artificial populations of social learners who acquire cultural variants via unbiased cultural transmission. In addition, I investigate how relative sample size affects the utility of each method.
The Model
An agent-based model is used to generate and sample simulated time-transgressive assemblages. The NetLogo (Wilensky 1999) source code (which can be found online in app. A) and full description (following the ODD protocol [Grimm et al. 2006 [Grimm et al. , 2010 ; available online as app. B) of the model are freely available in the online version of this journal or upon request from the author.
Consider a finite population of N social learners, each of whom possesses a single cultural trait for which there is an infinite number of possible variants. Cultural variants-represented by integers-are selectively equivalent (i.e., neutral, nonadaptive) in the sense that they do not differentially affect the reproductive success of individuals who display them. In other words, the model represents what Lansing and Cox (2011) refer to as type 1 cultural evolution. At the start of each simulation run, each individual displays a unique cultural variant (k p N in the initial population). Each time step includes four stages that occur in the following order: (1) a new (naive, or "offspring") generation of N individuals is created, (2) cultural variants are transmitted from members of the experienced generation to members of the naive generation, (3) the older (experienced, or "parental") generation is culled, and (4) each of the N individuals who remain adds a copy of its cultural variant to the time-transgressive assemblage.
The transmission of cultural variants from the experienced generation to the naive generation is unbiased. With unbiased transmission, no cultural variant is intrinsically more attractive than any other variant. Each member of the naive generation adopts the cultural variant displayed by an individual it chooses at random (and with replacement) from the previous generation with probability 1 Ϫ μ. Copying errors occur during cultural transmission with probability μ. Each copying error results in the naive individual adopting a novel cultural variant. It is assumed that the number of possible novel cultural variants is infinite. Although time steps are synonymous with generations in the model, this is not meant to imply that individuals in the real world can learn a cultural variant only once in a lifetime. As Steele, Glatz, and Kandler (2010) describe, one can just as easily think of each "generation" in the simulation as a population-wide cultural transmission "event," whereby each individual in the population either adopts a variant displayed by someone during the previous time step or innovates something entirely new. Note that in the model individuals cannot learn from a member of their own generation (i.e., there is no horizontal transmission), from an individual who lived more than one generation prior to their own, or from a cultural variant found in the assemblage. Simulated assemblages grow at a rate of N items per time step, as it is assumed that all variants deposited into the simulated assemblages are nonperishable.
Population size (N) is held constant during each simulation run. But because demographic factors can affect cultural evolutionary dynamics (Henrich 2004; Premo 2012; Premo and Kuhn 2010; Shennan 2001) , population size is varied across simulations: N p 25, 50, 100, or 200. The probability of making a copying error during cultural transmission is held constant (μ p .01) across all simulations unless otherwise noted in the text. In previous studies, artificial assemblages were created by collecting the cultural variants displayed by all members of each generation during the first 1,000 time steps of each simulation run (see Bentley, Hahn, and Shennan 2004; Hahn and Bentley 2003; Mesoudi and Lycett 2009) . To avoid any potential bias associated with collecting variants from the very start of a simulation, when k p N and the artificial population may be far from drift-copying error equilibrium (see Steele, Glatz, and Kandler 2010, fig. 1 ), here, agents do not begin to deposit cultural variants to the artificial assemblage until after a population has reached drift-copying error equilibrium for the first time.
To address the effects of time-averaging on cultural diversity in assemblage data, I vary the duration (d) of assemblage formation over three orders of magnitude: d p 10, 100, or 1,000 generations. Twenty unique simulations, each yielding a unique simulated assemblage, were run for each parameter combination. I apply the assemblage diversity approach described by Neiman (1995) , the Exact Test and the homozygosity tests described by Slatkin (1994 Slatkin ( , 1996 , and the variants frequency approach described by Bentley and colleagues (Bentley, Hahn, and Shennan 2004; Bentley and Shennan 2003; Hahn and Bentley 2003) to the same random samples collected from each simulated assemblage. Each sample consists of n cultural variants selected randomly and without replacement from the simulated assemblage, where n p sNd and represents sample size as a proportion of the s (0 ! s ≤ 1) total assemblage.
Results
The assemblage diversity approach involves comparing the observed diversity values provided by the estimates, t F and t E , to the level of diversity expected under neutral conditions (table 1) . Despite the fact that cultural transmission was unbiased throughout every simulation, the greater than expected values of t F and t E suggest (incorrectly) the work of a form of biased transmission that increases diversity.
Neiman (1995) is not silent on the issue of how timeaveraging might affect the utility of the assemblage diversity approach. He discusses the possibility that t E estimates "derived from very large archaeological samples that accumulated over long periods of time may be much lower than they should be" (Neiman 1995:17) . Thus, he argues that the presence of a negative correlation between t E and sample size (n) may be indicative of the "artificial effects" introduced by the time-transgressive nature of archeological assemblages. However, the results summarized in table 1 show just the opposite: holding N, μ, and s constant, t F and t E increase as d (and thus n) increases to the extent that t F and t E show statistically significant departures from θ when d ≥ 100. Holding N, μ, and s constant, the absolute size of the difference between t F and t E also increases as d (and thus n) increases. Two lessons can be drawn from these results. First, under neutral model conditions, time-averaging has the effect of increasing, not decreasing, t E . Second, increasing the value of d increases the likelihood of committing a type I error when employing the assemblage diversity approach.
Unfortunately, increasing the relative size of the sample collected from a sufficiently time-averaged assemblage does not improve the utility of the assemblage diversity approach. To illustrate this point, table 2 provides the results of calculating t F and t E while varying relative sample size (s). While t F is largely unaffected by including a larger proportion of the total assemblage in the sample, t E generally shows an even greater departure from θ with increased s. The results in table 2 match Neiman's prediction that the magnitude of the signed difference (t F Ϫ t E ) should increase as relative sample size of P E and to the right of P H . None of the samples provided a tail probability less than .025; n p 3 and n p 5 are not sufficiently large for meaningful tests. increases due to the fact that "the risk of sample-size artifacts is greater for t E and less for t F " (Neiman 1995:17) . Perhaps it is not surprising that the likelihood of committing a type I error with Slatkin's Exact Test or the EwensWatterson homozygosity test also increases as d increases. Samples collected from assemblages that formed over 1,000 generations often show significantly less diversity than would be expected for a population of N unbiased social learners (table 3), suggesting (incorrectly) the presence of a biased form of cultural transmission such as conformism, prestige bias, or perhaps even results bias. As with the assemblage diversity approach, the utility of Slatkin's Exact Test and the Ewens-Watterson homozygosity test is inversely related to duration of assemblage formation.
Bentley and colleagues show that unbiased cultural transmission can be recognized in assemblages by a distinctive power-law-like distribution in cultural variant frequencies, best characterized by the negative slope, α, of the best-fit linear model on a log-log plot of the proportion of cultural variants by the number of copies observed. Analyzing "complete" assemblages (i.e., s p 1) collected over the first 1,000 generations of their simulations, Bentley, Hahn, and Shennan (2004;  see also Mesoudi and Lycett 2009) show that α varies from 1.46 to 2.01 as a function of the product, Nμ. I obtain similar results when applying the same approach to the mean frequency distribution of 20 "complete" (i.e., s p 1) assemblages that accumulated over 1,000 generations (table 4). In addition, like Bentley, Hahn, and Shennan (2004, fig. 3b ), I find that the power-law-like distribution distinctive of unbiased cultural transmission is clearly recognizable and relatively well supported (P ! .05, ) even in assemblages that formed 2 r ≥ .93 over less than 1,000 generations (table 4) . However, there is also something new here. The positive relationship between Note. NS p nonsignificant P-value; all others are P ! .05. The absolute size of the sample (n) for each cell is given by n p sNd.
α and d suggests that α is a function of not only N and μ, as shown by Bentley, Hahn, and Shennan (2004) , but of the duration of assemblage formation as well. Stated more generally, holding N, s, and μ constant, α is positively correlated with d. When applied to "complete" assemblages (s p 1), the variants frequency approach is robust to the effects of timeaveraging (table 4). But surely access to "complete" assemblages is a luxury enjoyed rarely, if ever, outside of simulations. Can the variants frequency approach be used in cases where sample sizes are small relative to the assemblages from which they were drawn? It appears that the answer is yes, at least for the conditions modeled here (table 5). The power-lawlike distribution is easily detected even when the size of the random sample is small relative to the size of the entire timeaveraged assemblage (e.g., see s p .01, d p 1,000 in table 5). However, because samples that are small relative to the entire assemblage cannot fully accommodate common variants, which may be represented by thousands or even millions of copies in a large, time-averaged assemblage, s can also affect α. More specifically, when Nd is sufficiently large, α generally increases as s decreases. When Nd is relatively small, however, the variants frequency approach is useful only if relative sample size (s) is large (table 5). These results suggest that a small relative sample size can negatively affect the utility of the variants frequency approach in cases where the assemblage is also relatively small.
Finally, additional simulations conducted with a lower copying error rate (data not shown) demonstrate that the results presented above are not particular to μ p .01. The effects of time-averaging are qualitatively similar when μ p .001: while the likelihood of committing a type I error increases with d when relying on t F , t E , P E , or P H , the variants frequency approach consistently correctly identifies unbiased transmission even when d is large.
Discussion
When applying the assemblage diversity approach to simulated data, it is clear that samples collected from sufficiently time-averaged assemblages consistently display greater diversity than expected for a population of N unbiased social learners at drift-copying error equilibrium (i.e., ). Put sim-
ply, given a copying error rate of μ p .01, t F and t E are consistently greater than expected when d ≥ 100-despite the fact that cultural transmission was unbiased-in large part because t F and t E were designed for instantaneous samples collected from populations at drift-copying error equilibrium rather than for samples collected from time-transgressive assemblages. Recall that Staff et al. (1986) found that species richness in death assemblages was greater than they had observed at any single point in time in the living benthic communities. The same holds true for cultural variants in timeaveraged assemblages. Increased richness explains the greater than expected t F and t E values derived from time-averaged assemblages. Increased richness also explains why t E is consistently greater than t F when d is relatively large. Because t E depends upon the number of novel variants observed in a sample while t F depends upon their relative frequencies (compare eq.
[1] to eq.
[2]), t E is more sensitive than t F to forces that affect richness. Time-averaging also affects the utility of Slatkin's Exact Test and the Ewens-Watterson homozygosity test. When applied to samples collected from assemblages that formed over 1,000 generations, both neutrality tests regularly mistake the diversity left in the wake of unbiased cultural transmission for evidence of a form of biased transmission that reduces diversity. Thus, when applied to the very same time-averaged data, the results of the Exact Test and the homozygosity tests often suggest less diversity than expected (or, in other words, that the observed homogeneity is greater than expected) while the assemblage diversity approach finds just the oppositegreater diversity than expected. How can we explain these contradicting results?
With unbiased cultural transmission, the vast majority of the unique cultural variants displayed over the course of a simulation are displayed just once. Each of these so-called singletons represents a novel cultural variant introduced via copying error and is quickly lost to drift before transmission to a member of the next generation. Unlike a population, which preserves no evidence of any cultural variant-singleton or otherwise-that was not transmitted from the previous generation, a time-transgressive assemblage keeps a running tally of all of the cultural variants displayed through time, including singletons and other "flash in the pan" variants that persisted for no more than a few generations before being lost due to drift. Thus, it follows that time-averaged assemblages exhibit greater richness than any of the populations that contributed to them. But what is more, as d increases, singletons come to comprise a larger proportion of the total number of unique variants recorded in an assemblage, such that the proportion of unique cultural variants that are represented by just a single copy is much larger in a time-averaged assemblage than one would expect of a population of social learners under neutral conditions. The result is a frequency distribution that shows less evenness than expected under neutrality. Thus, a sufficiently time-averaged assemblage will display greater richness and greater homogeneity (F) than expected for a population at equilibrium under unbiased cultural transmission. The fact that the two approaches yield conflicting conclusions for the same time-averaged data is consistent with the notion that the assemblage diversity approach is more sensitive to richness than homogeneity, while the exact and homozygosity tests are more sensitive to homogeneity, or to homogeneity and richness jointly, than to richness.
Under the conditions modeled here, the degree to which an assemblage is time-averaged not only slightly improves the utility of the variants frequency approach but also largely negates the negative effects associated with small relative sample sizes. The finding that the variants frequency approach is generally robust to relative sample size, especially when Nd is large, is encouraging for those interested in applying this method (or, probably more appropriately, applying Clauset, Shalizi, and Newman's [2009] version of it) to empirical data.
However, any findings concerning the robustness of the variants frequency approach must be tempered by the realization that they are valid only to the extent that real-world systems do not violate the assumptions of a basic WrightFisher model of reproduction-assumptions that deserve recounting here. In the context of cultural transmission, the basic assumptions of this model include a constant, finite effective population size; panmictic (or "global" scale) unbiased cultural transmission; discrete, selectively equivalent (i.e., neutral) cultural variants; discrete and nonoverlapping transmission events (i.e., no horizontal transmission); a constant copying error rate; and an infinite variants model of innovation, whereby each copying error introduces a novel variant that has never before been seen in the population. The fact that the vast majority of anthropological case studies are likely to violate one or more of these assumptions should cause pause for concern (for an in-depth investigation of just one of these assumptions, see Premo and Scholnick 2011) .
My model includes additional assumptions that deserve just as much scrutiny. For example, the model assumes that each individual contributes one (and only one) copy of its variant to the artificial assemblage per time step. This implies not only that each individual's variant is equally expressed and recorded in the assemblage but also that there is a one-toone relationship between the cultural variant displayed by the individual and the culture material object that embodies it in the assemblage. Both of these assumptions are likely to be violated.
Are the methods discussed above appropriate if some individuals deposit more than their "fair share" of variants to the record or-perhaps more sinisterly-if some individuals are not allowed to deposit their variants at all? I conducted a small pilot study to investigate how each method fares when a randomly chosen subset of 10% of the population is allowed to contribute cultural variants to the assemblage at the end of each time step. Although preliminary, the results uncover essentially the same relationship between duration of assemblage formation and the utility of the methods that I have detailed above. Just as before, the values of t F , t E , P E , and P H increase as d increases. The threshold in d beyond which the assemblage diversity approach, the Exact Test, and the homozygosity test regularly mistake unbiased transmission for biased transmission is inversely related to the size of the subset of the population contributing to the assemblage each generation. And, just as before, although the variants frequency approach may be of limited use under conditions in which both Nd and the proportion of contributors are low, its utility increases as d increases even if the proportion of contributors remains low.
The assumption that there is a one-to-one relationship between cultural variant and cultural material artifact in an assemblage will be violated in cases where different variants are differentially affected by taphonomic processes. Consider a case in which the cultural variant of interest is a property of a ceramic vessel, such as rim shape. Although each of the methods applied above requires information concerning the number of vessels per rim shape, the archaeological record is more likely to provide the number of rim sherds per shape. This is a subtle but important difference. Because (1) the cultural variant of interest is a property of a vessel and not of a sherd and (2) each vessel can be represented by more than one rim sherd, the actual number of which is likely to vary nonrandomly according to rim diameter and the friability of the vessel, this one-to-many relationship between a single cultural variant (the shape of a vessel's rim) and many artifacts (rim sherds) can further complicate efforts to infer cultural transmission from assemblages using tools borrowed from population genetics.
In sum, biased forms of transmission are not the only processes that can yield "biased" signals in assemblages. The results of this study show that time-averaging can affect an assemblage such that it may appear to show signs of biased transmission when analyzed using methods that are insensitive to the time-transgressive nature of the data.
Conclusion
In his seminal contribution to the study of cultural transmission in archaeological data, Neiman (1995:15) acknowledges the important difference between population genetic and archaeological data sets: "So far I have described the frequency of variants in a population of social learners, not the frequency of modes in an archaeological assemblage. Clearly these are not the same." He goes on to show that under some conditions the shapes of mode trajectories (i.e., changes in the relative frequencies of cultural variants plotted through time) estimated from an attritional assemblage serve as reliable proxies for the shapes of the mode trajectories of the populations of individuals responsible for them (Neiman 1990 (Neiman , 1995 . This has been interpreted as evidence that the assemblage diversity approach may be applied to any assemblage that is the product of multiple transmission episodes and multiple discard events (Neiman 1990 (Neiman :182-193, 1995 Shennan and Bentley 2008:165,168; Shennan and Wilkinson 2001:583) . However, tracking the relative frequencies of cultural variants through time is not possible in assemblages that lack the resolution required to study such diachronic patterns because of the "temporal mixing" introduced by time-averaging. Thus, Neiman's finding that, under certain conditions, diachronic changes in assemblage composition can reflect changes in the population of social learners offers little solace in cases where such temporal trends cannot be recovered from the assemblage of interest.
A time-averaged assemblage differs from a population of social learners in many ways. Bailey (1981) , Binford (1981) , and Foley (1981) recognized this over 3 decades ago, when they each warned that one cannot simply equate characteristics of a time-averaged assemblage with behaviors of the individuals responsible for it. The assemblage diversity approach, Slatkin's Exact Test, and the Ewens-Watterson homozygosity test do not reliably identify unbiased cultural transmission in moderately to severely time-averaged simulated assemblages, although these methods may remain applicable to assemblage data that more closely approximate an instantaneous sample from a population of social learners (such as when d p 10, or, of course, when d p 1). As Bentley and colleagues have shown previously, the variants frequency approach correctly identifies unbiased cultural transmission in time-averaged data because it targets the rare property that is qualitatively similar in populations and assemblages under neutral model conditions-the frequency distribution of unique variants (see Shennan 2004:1444; Hahn and Bentley 2003:S121) . What is more, it appears that the variants frequency approach is fairly robust to relative sample size (s)-small relative sample sizes are of concern only when the size of the assemblage sampled is also small.
It must be stressed that these findings apply under the controlled conditions of the simulation model introduced above. It remains to be seen whether the variants frequency approach (either in the form that Bentley, Hahn, and Shennan [2004] present or that Clauset, Shalizi, and Newman [2009] present) can be trusted when applied to empirical data sets that violate any of the simplifying assumptions I have made here for the purpose of isolating the effects of time-averaging. Although more theoretical work remains to be done on the issue, it may be that some of the methods developed for studying the evolutionary forces underlying changes in gene frequencies observed in samples collected from populations are largely, if not entirely, incompatible with our attempts to infer modes of cultural transmission from samples collected from even moderately time-averaged assemblages.
Even under idealized conditions, time-averaging plays a significant role in shaping cultural data sets that accumulate through time. Although the variants frequency approach provides the best available tool for dealing with time-averaged assemblages under the conditions explored here, the question remains as to whether even it holds sufficient power for correctly inferring modes of cultural transmission from empirical anthropological data. Perhaps it is time to begin crafting additional analytical tools that are specially suited to assemblages rather than to populations.
